Single-particle reconstruction (SPR) from electron microscopy (EM) images is widely used in structural biology, but it lacks direct information on protein identity. To address this limitation, we developed a computational and analytical framework that reconstructs and coaligns multiple proteins from 2D super-resolution fluorescence images. To demonstrate our method, we generated multicolor 3D reconstructions of several proteins within the human centriole, which revealed their relative locations, dimensions and orientations.
evolutionarily conserved diffraction-limited organelles that seed the formation of cilia, flagella and centrosomes 11 . The mature human centriole comprises ninefold-symmetrically arranged microtubule triplets and contains > 100 different proteins organized into distinct substructures 12 . For instance, distal appendages harbor the protein Cep164 and are key for the formation of cilia and flagella 13 . A torus encircling the proximal part of the mature centriole and comprising the proteins Cep57, Cep63 and Cep152 acts as a nucleation platform for the new procentriole, whose assembly relies on the selforganization of the HsSAS-6 protein into a cartwheel structure 14, 15 . The details of component dimensions within the Cep57-Cep63-Cep152 torus and of the emerging procentriole with respect to this torus remain unclear.
To demonstrate our multicolor 3D SMLM reconstruction workflow, we imaged proteins within centrioles and procentrioles. We isolated centrosomes from human KE37 cells arrested in S phase, concentrated them on coverslips by centrifugation, and then immunolabeled and stained them (Supplementary Note 3). Next, we used dual-color high-throughput SMLM 10 to image ~100-300 centrioles per field of view ( Supplementary Fig. 2 ). We segmented localizations belonging to centrioles and procentrioles (referred to here as particles) by using a mask generated through automated Otsu thresholding of the wide-field images. We then applied a density-based filter (DBSCAN 16 ) to separate adjacent particles ( Supplementary Figs. 3  and 4 ). Only densely labeled particles (typically 10-20% of the initial dataset) were rendered and used to populate the particle library.
Next, we reconstructed a 3D volume from single particles of unknown orientation by using well-established EM routines (Supplementary Note 4). We classified particles from both fluorescence channels ( Supplementary Fig. 5 ) by applying Clustering 2D (CL2D) 17 or template-free maximum-likelihood multi-reference refinement (ML2D) 18 . Because of the high degree of radial symmetry within centrioles 11 , we chose a low number of classes (typically [8] [9] [10] [11] [12] [13] [14] [15] to reduce the computational complexity ( Fig. 1a , Supplementary  Fig. 6 ). Although we applied symmetry information as a last step to overcome nonuniform angular coverage ( Supplementary Fig. 7 ), our workflow is capable of reconstructing and recovering the symmetry of unknown objects given a number of particles sufficient to fully sample the orientational space, as verified in silico ( Supplementary  Fig. 8 ). Information loss resulting from under-represented orientations produces missing wedge artifacts, similarly to electron tomography. We then used the class averages most closely resembling the input particles (Supplementary Note 4) to compute an initial 3D model, and carried out structural refinement based on matching of the 2D projections to the input particles. In this manner, we reconstructed the torus protein Cep152, and measured its diameter as ~270 nm (Fig. 1a ), in agreement with the ~242 nm measured for SNAP-Cep152 by stimulated emission depletion microscopy when accounting for antibody size 19 . In addition, our 3D reconstruction showed that the height of the torus was ~160 nm ( Supplementary  Fig. 9 ). Using the same procedure, we reconstructed the well-known bacteriophage T4 ( Supplementary Fig. 10 ), thus demonstrating the generality of this 3D SMLM reconstruction workflow. In this case, particles aligned preferentially parallel to the coverslip, which resulted in uneven angular sampling ( Supplementary Fig. 7 ) that we compensated for with the known phage symmetry.
The general alignment of two volumes requires both translation and rotation of one of the volumes in three dimensions. The problem is less complex if the two proteins are symmetrically arranged and is further simplified if they share a symmetry axis. To achieve multicolor reconstruction, we first considered the latter case of proteins sharing a principal symmetry axis, where the only alignment parameter is the displacement along the symmetry axis, Δ z. We collected dual-color images of Cep152-Cep164, Cep152-Cep57 and Cep63-Cep57, using Cep152 and Cep57 as reference proteins. This reduced the problem of alignment to only two 3D volumes at a time. We assumed a consistent direction of the displacement, but a third marker could be used to determine particle orientation. We divided the alignment process into two steps: (i) co-orient both particles and reconstruct their volumes, and (ii) translate one volume by the correct distance Δ z along the symmetry axis ( Fig. 1b ). Because both proteins are integrated into the same structure, the corresponding particles share the same relative orientation. Therefore, it suffices to find the orientation of particles in one channel (i.e., the reference), then preserve and assign the orientation to the second channel. Given that it can be challenging to image two or more proteins with super-resolution owing to low protein abundance and/or labeling efficiency, this procedure offers a great advantage in that only the reference protein images must contain enough information to be oriented. Application of this procedure results in two co-oriented volumes.
The last step for alignment of the two protein volumes is identification of the translational shift, Δ z, between their side-view (xz) projections ( Fig. 1c,d , Supplementary Fig. 6 ). Thus, we carried out orientational filtering by using supervised machine learning to identify top-view and side-view projections of the reference protein from a combination of 12 calculated shape descriptors ( Supplementary  Fig. 11a , Supplementary Note 5). After training on ~10% of particles, the models successfully identified ~97% (true positive rate) of side-view projections ( Supplementary Fig. 11b ), typically yielding 50-100 side-view particles per imaged protein pair. This method offers the advantage that after the model is trained for a reference protein, it can be directly applied to other datasets using the same reference. Because individual two-color particles are subject to heterogeneous labeling ( Supplementary Fig. 12 ), we generated averaged side-view projections via a 2D alignment consisting of particle rotation in 3° increments followed by translational alignment and cross-correlation ( Supplementary Fig. 13 ). These aligned averages allowed a more precise estimate of Δ z, and revealed the average particle dimensions and symmetry (Supplementary Figs. 9 and 14-16). This workflow allowed us to reconstruct and coalign the toroidal complex Cep57-Cep152-Cep63, with the distal appendage protein Cep164 in a four-color volumetric reconstruction of the mature human centriole ( Fig. 1e, Supplementary Video 1 ). This showed that although the Cep57 torus is aligned axially with the Cep152 and Cep63 volumes, as expected from their known association in cells 19 , it has the smallest dimensions of the three (~230 nm in diameter and ~130 nm in height), placing it near the outer microtubule wall. We also discovered a distribution of Cep57 and Cep152 with ninefold radial symmetry ( Supplementary Fig. 15 ), further suggesting association with the ninefold-symmetric outer microtubule wall of the centriole, perhaps via the microtubule binding domain of Cep57 20 . We confirmed Cep164's previously observed ninefold symmetry and located its N terminus more proximal and closer to the centriolar wall than previously reported 21 ( Supplementary Fig. 15 ).
The above approach works well for proteins that share a principal symmetry axis, but there are important exceptions. We therefore extended our method to the procentriole, marked by the protein HsSAS-6, which assembles from a single focus on the torus containing Cep57-Cep63-Cep152 22 and was suggested by EM to initially adopt nonorthogonal orientations 23 . We collected dual-color images of Cep152-HsSAS-6 and generated average top and side views by following the workflow described above (Fig. 2a ). The orientation of Cep152 was insufficient to define that of HsSAS-6, because the two proteins do not share a symmetry axis ( Fig. 2a ). Therefore, we combined the images from both proteins into a single image and carried out class averaging and alignment on the resulting dataset. However, we found that when we used a simple sum of the two channels, the signal from Cep152 dominated and prevented alignment of the smaller HsSAS-6 volume ( Supplementary  Fig. 17 ). To overcome this, we combined the two channels in a weighted sum ( Supplementary Figs. 17 and 18 ) and used the combined particles for structural refinement of the initial Cep152 volume with no symmetry constraint ( Fig. 2b ). Finally, we fit the individually reconstructed protein volumes into the asymmetric global structure to achieve a two-color volumetric reconstruction of the nascent procentriole in the context of the centriolar torus ( Fig.  2c , Supplementary Video 2). The combined reconstruction had a lower resolution than the individual structures ( Fig. 2c ), probably reflecting flexible relative positioning of the two entities. Indeed, we found that the angle θ between the two proteins measured from individual side-view particles ( Fig. 2a ) was variable, with an average value (± s.d.) of 15.4° ± 4.5° (n = 75), in agreement with the angle obtained from our 3D reconstruction (θ = 13°). Finally, in a three-color experiment, we used Centrin to mark the distal end of the centriole 24 ( Supplementary Fig. 19 ), which revealed a preferential orientation of the procentriole toward the distal end. Together, these findings support a loosely defined orientation between the torus and the emerging procentriole, with a broken distal-proximal symmetry.
In conclusion, we developed a framework that generates multicolor 3D volumes from dual-color 2D SMLM datasets, and used it to reveal unknown features of human centriole and procentriole architecture. Our approach is directly applicable to any single-particle dataset with sufficient angular coverage, although its extension to repetitive structures such as helices would require adaptation. Our flexible workflow is implemented in a software package that is suitable for other multiprotein complexes and imaging modalities. The combination of information from 3D SMLM reconstructions with EM particle reconstructions is likely to prove invaluable in the future, as are improvements in labeling, to permit higher fidelity of multicolor images to the underlying structure.
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Methods
Centrosome and bacteriophage T4 preparation. Human centrioles were purified from KE37 cells incubated for 24 h with thymidine according to a standard protocol 25, 26 , spun (10 min at 10,000g in Corex tubes, JS13.1 Beckman swinging rotor) in 10 mM K-Pipes on gold-embedded fiducial coverslips (custom 18 mm; Hestzig) using a custom centrifuge concentrator, and fixed with methanol (5 min at − 20 °C). Samples were then immunostained by overnight incubation at 4 °C with primary antibodies ( Supplementary Table 1 ), diluted 1:500 (in PBS supplemented with 1% BSA and 0.1% Tween 20), washed three times for 15 min in PBS, and incubated with secondary antibodies coupled with Alexa Fluor 647 or DyLight 755 for 1 h at room temperature. Finally, the samples were washed again three times for 15 min and stored in the dark at 4 °C until further use. Bacteriophage T4 was grown and purified via established procedures 27 . To characterize the purified sample, we spotted phages on mica and imaged them by atomic force microscopy (JPK Nanowizard). To achieve all-protein labeling, we incubated phages with Alexa Fluor 647 NHS-Ester (Life Technologies) (final concentration: 10 µ M in phosphate buffer, pH 8) overnight at 4 °C. The labeled phages were separated from unbound dye on a NAP-5 size-exclusion column (GE Healthcare) and stored in the dark at 4 °C until further use. Before SMLM imaging, phages were adsorbed on plasma-cleaned glass coverslips (1.5, Menzel, 25 mm) coated with 0.1% poly-l-lysine (Sigma) for 30 min.
Imaging sample preparation. Samples were imaged on gold-embedded fiducial coverslips (custom 18 mm; Hestzig). Imaging buffer components were purchased from Sigma. Additional gold fiducials were obtained from Corpuscular (C-Au-0.1) and diluted (1:5) in 0.1% poly-l-lysine (Sigma) before application.
For the creation of a bead sample for two-channel registration, glass coverslips (1.5, Menzel, 25 mm) were plasma-cleaned, coated with 0.1% poly-l-lysine (Sigma) for 30 min, and incubated with FluoroSpheres (Dark Red, F8789; Life Technologies) diluted (1:50,000) in water for 10 min.
High-throughput SMLM. Two-color SMLM imaging was carried out with a flat-field epi-illumination microscope 10 . Briefly, two lasers with wavelengths of 642 nm (2RU-VFL-P-2000-642-B1R; MPB Communications) and 750 nm (2RU-VFL-P-500-750-B1R; MPB Communications), respectively, were used to switch off fluorophores within the sample, and a 405-nm laser (OBIS; Coherent) controlled the return rate of the fluorophores to the fluorescence-emitting state. A custom dichroic (ZT405/561/642/750/850rpc; Chroma) reflected the laser light and transmitted fluorescence emission before and after it passed through the objective (CFI60 PlanApo Lambda 60× /1.4-NA (numerical aperture), Nikon). After passing the respective emission filter (ET700/75 M or ET810/90 m (both Chroma)), emitted light from the sample was imaged onto an sCMOS (scientific complementary metal-oxide semiconductor) camera (Prime, Photometrics; pixel size, 106 nm). The sample was excited with laser output power of 1,200 mW (642 nm) and 500 mW (750 nm), corresponding to 1,000 mW (642 nm) and 350 mW (750 nm) at the objective's back focal plane. The 405-nm laser was operated with a laser output power of 1-10 mW. Axial sample position was controlled with the pgFocus open hardware autofocus module (http://big. umassmed.edu/wiki/index.php/PgFocus). Typically, 30,000-60,000 frames at a 10-ms exposure time were recorded for each field of view with Micromanager 28 . Single-and dual-color SMLM imaging was carried out with an optimized SMLM buffer as described previously 29 . Supplementary Note 3 provides more details on the choice of fluorophores and buffer preparation.
Single-fluorophore localization, channel registration and drift correction.
Image stacks were analyzed via a custom CMOS-adapted analysis routine (adapted from ref. 30 ). Correction of the Alexa Fluor 647 and DyLight 755 datasets for spherical and chromatic aberrations and lateral sample drift was carried out in three steps. The first step corrected for differences and aberrations (rotation, magnification) of the emission path between the two detection channels. We calculated a local weighted mean transformation from images of fluorescent beads (see the section ''Imaging sample preparation'' above) acquired in both channels, and applied it to the DyLight 755 channel to match the positions in the Alexa Fluor 647 channel. During the second step, both datasets were independently drift-corrected using gold fiducials visible in both channels. For each field of view, we selected three to six fiducial markers across the field of view and used their average trajectory for drift correction. As a third step, the drift-corrected fiducial centroid positions from both channels were matched by application of a final lateral translation again to the 755 channel. All processing steps were performed in MATLAB 2016a (Mathworks) and are available as part of the Supplementary Software package (SPARTAN> Image Registration).
Cumulative error estimation. The local weighted mean transformation resulted in an uncertainty of ~10 nm. This remaining uncertainty is also referred to as the target registration error (TRE) 31 . After the second registration step, in which the drift-corrected fiducial centroids were matched by means of a rigid translation, we found a final TRE between 10 and 20 nm. Note that the TRE increases after the second registration because of the added uncertainty of the drift correction.
Consequently, we estimated the total uncertainty σ Total as the sum of the individual error components σ Total = √ (σ Loc 2 + σ Reg 2 + σ Ab 2 ), where σ Loc is the localization precision ( Supplementary Fig. 20 . This total uncertainty sets a lower boundary for the resolution of the obtained structure. The final resolution of the 3D model is further affected by the error introduced though nonhomogeneous and/or sparse labeling. Considering this, the obtained value is in agreement with the obtained 3D resolution as measured by Fourier shell correlation (Supplementary Table 2 ).
Particle segmentation and 3D reconstruction. After channel registration, the two localization datasets were ready for particle segmentation (SPARTAN> Particles> Particle Segmentation). The localization maps for each field of view were loaded into MATLAB together with the corresponding wide-field (WF) images taken before the SMLM stack acquisition. A WF image was used for automatic Otsu segmentation to identify the approximate location of individual particles within each field of view. Here we used the higher-contrast WF image (typically from the reference protein). To accommodate small shifts between WF image and localization data, we expanded each identified region by up to five pixels on all sides.
Overlapping regions were removed and the localizations from both channels were extracted for each segmented particle. Particles were filtered for a minimum number of localizations (typically > 100) to ensure good particle labeling. We also applied an upper cutoff to reject clusters of particles and misidentified gold fiducials. During the next step, labeling noise was removed and adjacent particles in the same region were separated via density-based clustering (DBSCAN 16 ). An example is shown in Supplementary Fig. 3 . If a low-density protein of interest was imaged (e.g., HsSAS-6), we used an additional filter selecting only the largest cluster ( Supplementary Fig. 4 ). We then calculated a number of particle quality and shape descriptors (Supplementary Note 5), as well as the resolution (using Fourier ring correlation 32,33 ) for each particle, which allowed for efficient particle filtering. Finally, particles from both channels were rendered into a pixel image via a 2D histogram function with a bin size of 10 nm and blurred with a Gaussian filter with σ corresponding to the measured localization precision. The final image approximated the probability density distribution of the fluorescent labels on the underlying structure and represented a widely used approach for visualization of SMLM data. We stitched the particle images together using the Montage function in ImageJ (Miji for MATLAB), which yielded the final input image for the 3D reconstruction (example shown in Supplementary Fig. 5 ).
SPR was done with Scipion, a freely available software package that integrates several widely distributed and well-developed 3D EM particle-reconstruction routines 34 . A brief tutorial of the required steps is provided in Supplementary Note 4. The particle montage images were imported into Scipion. Depending on the size of the dataset (400-6,000; Supplementary Table 2 ), each montage contained ~500 particles; thus, each reconstruction required the generation and import of multiple montages. During particle extraction, we removed labeling noise around the densely labeled particles ( Supplementary Fig. 3) , which resulted in a high-contrast particle montage that facilitated automatic particle picking (Xmipp3). The particles were then aligned by 2D clustering (CL2D, Xmipp3 17 ) and classified on the basis of template-free multi-reference maximum likelihood (ML2D, Xmipp3 18 ) or 2D clustering (CL2D, Xmipp3 17 ). Class averages were visually inspected. Some classes (typically one or two) accumulated particle fragments, which we removed at this stage. The remaining classes were used (Supplementary Note 4) to generate the initial model. For symmetric centriolar reconstructions (Cep164, Cep57, Cep152, Cep63), we used between 8 and 15 classes. To allow reconstruction with a limited number of particles, we applied rotational or ninefold symmetry at the final stage to fill in missing angular information ( Supplementary Note 4) . For bacteriophage T4, we used six class averages and calculated the initial model using rotational sixfold symmetry (c6). Initial models were calculated with either Xmipp2 35 or Eman2 36 , and the two classifications provided similar results. Finally, the initial model was refined by particle back projection (Xmipp3). Fourier shell correlation was calculated during particle refinement (particle back projection, Xmipp3).
For the reconstruction of two proteins, we reconstructed the reference protein using the steps described above, then applied the final alignment from each reference particle to the corresponding particle of the protein of interest (function alignment assign). The co-oriented particles of the protein of interest could then be reconstructed (function reconstruct in Relion 37 or Eman 36 ). Supplementary Note 4 includes a more detailed description. For the generation of a two-color volume of proteins sharing the same principal symmetry axis, it is also possible to use two independently reconstructed volumes. Here only the volume alignment (i.e., determination of Δ z) requires a two-color SMLM dataset. For asymmetric reconstruction we used an adapted workflow in Scipion ( Supplementary Fig. 17 ). First we reconstructed each protein separately. Then we refined the symmetric volume of the reference (Cep152) with the weighted sum of the input particle images (Cep152 + 2*HsSAS-6) without a symmetry constraint. Into the resulting asymmetric joint volume, we fit both individual protein volumes to obtain a highresolution dual-color model. The volume fitting was done with Chimera 38 , using the 'Fit in Map' tool (Tools> Volume Data> Fit in Map).
2D particle averaging and volume alignment. In general, the relative offset between the centers of mass of two distinct 3D particles can be determined by triangulation between any two projected views. In the case of the centriole, which has a principal rotational symmetry axis, only one projected orientation is needed to align two volumes. Any orientation that is not orthogonal to the symmetry axis (top view, xy), together with knowledge of the angle between the projection and the symmetry axis, is sufficient to determine the axial distance. In the simplest case, we can directly determine the axial distance between two volumes (Δ z) from the projection into a plane parallel to the z axis (xz). We used particle projections of centriolar side (xz) views for this purpose ( Supplementary  Fig. 14) . Below, we describe the orientational filtering of top (xy) and side (xz) views. The volume alignment required only the side-view orientation, but we used the top views to characterize the protein's symmetry properties ( Supplementary  Fig. 15 ). To efficiently identify particles with these orientations among a large number of individual particles with different orientations, we calculated 12 shape parameters whose values could be used as a characteristic signature for top-view (xy) and side-view (xz) projections (Supplementary Note 5). A similar approach was used recently to filter out centriole top-view particles 39 . Next, a subset of 200 particles was selected and manually filtered into top, side or intermediate views (i.e., the response). The shape descriptors and the results of the manual sorting were copied into a data table that was used as a training dataset to generate models via supervised machine learning ( Supplementary Fig. 11 ). We used MATLAB's Classification Learner to identify the best model for predicting the classified outcome (response) on the basis of the shape parameters. The best model was subsequently saved and could later be applied to other datasets. We found consistently good performance with support vector machine models, which are now also implemented into SPARTAN (Particles > Manual Classifier and Train SVM Classifier). The model generally identified certain shapes more accurately for top (xy) orientations, for which it required little manual selection/filtering. Importantly, only one of the two imaged centriolar proteins (i.e., the reference) needed to be classified into top/side view.
All of the following operations were then performed on both channel datasets. Notably, whereas we used all particles for the determination of Δ z, we used only a visually filtered subset for the investigation of the ninefold symmetry. Many particles were over-or underlabeled and were thus not considered. The identified side-view particles were registered to the center of mass of the reference protein and aligned via an extended version of efficient subpixel registration by crosscorrelation 40 as described previously 41 (see also Supplementary Note 2). Specifically, during the first iteration, we rotated each image from 1° to 359° in 3° steps, which resulted in 120 cross-correlations, from which we picked the orientation with the maximum root-mean-square error, thereby obtaining the optimal angle of rotation. The sum of all images was used as a reference for the first iteration. We refined the alignment over three to ten iterations, using the sum of all aligned particles from the previous iteration as the reference ( Supplementary Fig. 13 ). The translation between both channels along the z axis was determined from a line profile measurement of the two-color reconstruction ( Fig. 1d , Supplementary  Fig. 14) . To generate a final multicolor volumetric representation, we loaded the co-oriented volumes into Chimera 38 and centered them on top of each other. The Δ z axial transformation was applied with the 'transform coordinates' tool (Tools > Movement > Transform coordinates). The volume obtained from the lower-resolution SMLM channel (i.e., DyLight 755 channel; Supplementary Fig. 5 ) was then replaced by a higher-resolution volume of the same structure (taken in the Alexa Fluor 647 channel). To this end, the high-resolution volume was loaded into Chimera and aligned to the low-resolution volume using the 'Fit in Map' tool (Tools > Volume Data > Fit in Map).
SMLM simulations.
To evaluate the contribution of labeling noise and efficiency, as well as to test the particle-processing workflow, we developed a particle simulator that generates localization maps from ground truth models. To define a ground truth model, we used the geometric dimensions of the complex as obtained from SMLM. The ground truth model was then randomly rotated and projected onto the xy plane. A random number of molecules were selected according to the labeling efficiency and a defined number of noise molecules placed at random positions around each particle. Localizations (single frame appearances) originating from each fluorophore were assigned parameters drawn from measured distributions for photon count, localization precision, and on and off time. The distributions were obtained from single-molecule measurements of Alexa Fluor 647 obtained under experimental conditions. The resulting simulated particles were analyzed as described for experimental SMLM datasets. All simulations were carried out with custom-written MATLAB code supplied as part of the Supplementary Software package. A description of all covariates tested A description of any assumptions or corrections, such as tests of normality and adjustment for multiple comparisons A full description of the statistics including central tendency (e.g. means) or other basic estimates (e.g. regression coefficient) AND variation (e.g. standard deviation) or associated estimates of uncertainty (e.g. confidence intervals)
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Data collection
Microscopy data was collected using the freely available software Micromanager 2.0 beta. All localization data was analyzed using MATLAB 2016b for Windows 10 and macOS 10.12.6. 3D volumes where then reconstructed using the free software package Scipion 1.0 and visualized with UCSF Chimera 1.11.2.
Data analysis
All data analysis was developed, performed and tested in MATLAB 2016b for Windows 10 and macOS 10.12.6 . All developed code is provided as a Supplementary Software package and via GitHub, where also updates will be made available. Link: https://github.com/ christian-7/MultiColorSPR For manuscripts utilizing custom algorithms or software that are central to the research but not yet described in published literature, software must be made available to editors/reviewers upon request. We strongly encourage code deposition in a community repository (e.g. GitHub). See the Nature Research guidelines for submitting code & software for further information.
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The data that support the findings of this study are available from the corresponding authors upon request. Software sample data sets can be downloaded from Zenodo https://zenodo.org/record/1288783#.W1DbJ9gzaRs.
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Sample size
No hypothesis-based experiment was performed. Therefore, the sample size was not predetermined. Sample sizes were chosen based on how many images were required for 3D reconstruction and could be collected on a given day. Each sample was analyzed separately. For all simulations, the data size was chosen large enough that statistical errors are minimal compared to the effect.
Data exclusions Datasets with antibodies that stained in a manner inconsistent with the published literature was excluded from the analysis. Data were filtered for quality as described using common metrics in the field (number of localizations, size, eccentricity, FRC). Exclusion criteria were not pre-established.
Replication
Multiple replicates were performed with each antibody and the staining results were in general reproducible. If a dense labelling could not be achieved or was inconsistent with published literature, the dataset was excluded. If good and replicable, the staining was still variable, and sometimes did not yield data that could be used for further analysis and was excluded.
Randomization This is not relevant to our study. There was no group allocation component to our study.
Blinding
There was not a group allocation component to the study.
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